OBJECTIVE -To validate the Archimedes model of diabetes and its complications for a variety of populations, organ systems, treatments, and outcomes.
T he Archimedes diabetes model is described in a companion article in this issue (1). This article describes the validation of that model.
RESEARCH DESIGN AND METHODS
The purpose of any model is to estimate as accurately as possible for a given set of circumstances or actions whatever outcomes one wants to use the model to predict. To test how well the Archimedes diabetes model does this, we simulated a wide range of clinical trials. The studies were chosen by an independent advisory committee appointed by the American Diabetes Association. The trials were chosen by quality of design and importance of results and to collectively span a wide range of patient populations, organ systems, treatments, delivery settings, and outcomes. Half of the trials were used to help build the model ("internal" or "dependent" validations); the other half were not ("external" or "independent" validations).
For each validation exercise, we created a "virtual trial" by repeating the steps taken in the real trial and then compared the outcomes seen in the virtual trial with those that occurred in the real trial. To set up a validation exercise, we first had the model create a large virtual population containing a broad spectrum of ages, sexes, race/ethnicities, characteristics, behaviors, and diseases. We did this by having the model "give birth" to a very large number people of different sexes and race/ethnicities and letting them grow up (i.e., letting their physiologies function according to the equations described in the companion article). Information from the National Health and Nutrition Examination Survey (NHANES)-III on the marginal and joint distributions of patient characteristics and other risk factors is used to ensure that the population is representative of the U.S. population (2). Other populations could be constructed if desired (e.g., an Indian reservation).
In general, the steps we used to simulate a particular clinical trial were as follows. We began with the initial description of the trial, focusing in particular on the inclusion and exclusion criteria, treatment protocols, follow-up protocols, and definitions of the outcomes. We then had the model do the following. 1) First, it searched the large population to identify people who met the entry criteria for the trial. Then it confirmed that their characteristics (e.g., age, sex, other conditions, treatments, and lab results) matched the distribution of characteristics published in the description of the trial. If not, overor undersampling was performed as required, as would occur for a real trial. From that group, people were randomly selected to match the number of people in the trial. At the end of this selection process, the demographic, physiologic, and anatomic features, as well as the medical histories of the people in the virtual trial, should match those of the people in the real trial, as far as can be determined from the publications and within sampling error. 2) If the description of the trial called for any interventions to be given before the people were randomized, such as a diet, then the simulated providers were instructed to give that intervention. 3) The people were then randomized into the number of groups used in the trial. 4) Simulated providers then gave the people in each group the designated treatments, using the protocols described for the trial. This included any important breaches in either provider or patient adherence that were described for the trial. 5) The people's physiologies were allowed to continue to function, including the effects of whatever treatments they were receiving, all as determined by the equations in the model. 6) Simulated providers then followed each patient with simulated appointments and tests, using the protocols and intervals described for the real trial. 7) In the model, as in the real trial, between scheduled visits patients could also develop symptoms, seek care, make appointments, have visits, be tested, be diagnosed, and be treated, all as determined by the equations. 8) The results were recorded at the time intervals used in the real trials. 9) The results were then processed and compared with those described for the real trial.
All of this was done at whatever level of detail was necessary to simulate what was done in the real trial, using whatever descriptions were available from the publications. For example, if two trials reported retinopathy outcomes but one measured two-step retinopathy (3), whereas the other measured three-step retinopathy (4), we had the simulated physicians apply the appropriate protocol to the appropriate trial. This also applies to inclusion criteria. If hypertension was defined as "a finding on at least two of three consecutive measurements obtained 1 week apart. . . of a mean systolic blood pressure Ͼ135 mmHg or mean diastolic blood pressure Ͼ85 mmHg, or both" (5), then these were the guidelines that we had the simulated physicians follow. When the description of a trial included variables or diseases that were not yet in the Archimedes model, we ignored them. For example, the model does not yet include pregnancy. If a trial excluded pregnant women, we ignored that exclusion criterion. If a trial included variables or conditions that were not yet in the model at the time the simulation was requested, we expanded the model to include those factors before performing the simulation. If any information from such a trial was used to help expand the model, we noted that fact and classified the resulting validation as an internal or dependent validation. (The use of trial information will be described more in detail below.) For example, before the Irbesartan in Patients with Type 2 Diabetes and Microalbuminuria 2 trial (IRMA) (5) could be simulated, we had to expand the part of the model that represented the progression of untreated nephropathy at high levels of albuminuria and the effects of angiotensin-II receptor antagonists on glomerular function. The IRMA trial is therefore considered an internal or dependent validation.
The trials
The model was validated against 18 trials, all chosen by the independent advisory committee. Ten trials explicitly included people with diabetes. These are the U.K. Prospective Diabetes Study (UKPDS) (3), the Diabetes Prevention Program (DPP) (6), the Heart Protection Study (HPS) (7), the Health Outcomes Prevention Evaluation (HOPE) (8), Micro-HOPE (the diabetic subpopulation of the HOPE trial) (9), Cholesterol and Recurrent Events (CARE) (10), the ACE Inhibitors and Diabetic Nephropathy Trial (Lewis) (11), the IRMA-2 trial (5), the Diabetes Control and Complications Trial (DCCT) (4), and the Irbesartan Diabetic Nephropathy Trial (IDNT) (12) . The CARE trial has also published results for age-group subpopulations (13) . Eight more trials were chosen by the committee to test the model's realism for representing coronary artery disease (CAD). They are the Long-Term Intervention with Pravastatin in Ischemic Disease (LIPID) trial (14) , the Helsinki Heart Study (HHS) (15) , the Systolic Hypertension in the Elderly Study (SHEP) (16) (20) , and the Scandinavian Simvastatin Survival Study (4S) (21) .
Use of trial data to build the model. Ten of the trials (DPP, HPS, MICRO-HOPE, LIPID, HHS, SHEP, LRC-CPPT, MRC, VA-HIT, and WOSCOPS) were not used at all to build the physiology model; they provided external or independent validations of the model. The remaining eight trials (UKPDS, HOPE, CARE, Lewis, IRMA-2, DCCT, IDNT, and 4-S) provided internal or dependent validations. For these, the type of use varied from trial to trial but can be summarized as follows. In general, between 10 and 30 equations are needed to represent the pathophysiology of the disease and to calculate the effect of a specific treatment on a specific outcome in a specific population (i.e., not including the equations for behaviors, care processes, logistics, and other nonbiological aspects of the model). When a piece of information from a trial is used, it is used to help write only one of those 10 -30 equations. A trial that significantly pushes the boundaries of the model might contribute two or three pieces of information, each to a particular equation. A trial's results are never used to write or "fit" an equation, such as a regression equation or transition probability, that directly relates the population, treatment, and outcome. Indeed, there are no such equations in the model. When the results being matched are sampled outcomes, an iterative method is used, stopping when the calculated result and real result are within Ϯ1 SD.
When information from a trial is used to help build the model, it is used to build some new or deeper part of the model. Thereafter, that part is used in all subsequent simulations. For example, the 4S trial was the primary source for information about the possible direct effects of Simvastatin on rates of coronary artery occlusion. Thereafter, that equation was used for all subsequent simulations involving statins; for example, simulation of the HPS study of Simvastatin did not use any data from the HPS trial. The high accuracy of the simulation of the HPS (Table  1) provides an independent check on the equation fitted with 4S data. As each new equation is written, it becomes a permanent part of the model; the parameters of an equation are never changed to fit particular trials. Previously performed simulations are rerun as needed to ensure that as the model advances it remains accurate for all of the trials. At any time there is always a single set of equations, and those equations reproduce or predict every trial. The fact that the model is anchored to such a wide variety of populations, treatments, and outcomes guards against overspecification of the model.
With that background, the actual uses of trial data were as follows. Two trials contributed to the model of glucose homeostasis and the development and progression of diabetes ( Fig. 1 of the companion article [1]). Specifically, the average fasting plasma glucose (FPG) in the control group of the UKPDS trial (22) was used to help write an equation for the effects of insulin resistance, and the DCCT's results were used to help model the development of type 1 diabetes and the effect of glucose control. Data from several trials were used to help build models of the complications of diabetes. We used data from the UKPDS to help write the equations for the retinopathy and nephropathy features. The DCCT was used to help model the progression of nephropathy and retinopathy in patients with type 1 diabetes. The HOPE trial was used to model the effects of ACE inhibi- tors on variables such as peripheral resistance, fast and slow occlusion, the action of thrombolytics, and the progression of congestive heart failure. Data from the CARE trial were used to help build the part of the model that determines survival following myocardial infarction as a function of the proportion of the myocardium affected by myocardial infarction and the recovery of the myocardium following nonfatal myocardial infarction. Data from the Lewis trial were used to help estimate the progression of glomerular damage in people with established and severe nephropathy. Information from the IRMA-2 trial was used to model the progression of untreated nephropathy at high levels of albuminuria and to model the effects of angiotensin-II receptor antagonists on glomerular function. Finally, data from the 4S trial were used to model the effect of statins on development of thrombi.
Goodness of fit.
To determine the accuracy of the model, we focused on outcomes determined by the underlying disease. Outcomes that are likely to be heavily influenced by local practices, such as the rate of bypasses, or by nondiabetes factors, such as deaths from other causes, have questionable external validity and were not included. For the disease-determined outcomes, we use Kaplan-Meier curves to compare the results calculated by the model with the actual results of the trial. Kaplan-Meier curves provide the most complete information about the outcomes over the entire time course of the trial in all the arms of a trial. Because the results of both a real trial and the model are subject to random variation, one would not expect the Kaplan-Meier curves to match exactly. Our approach is to calculate whether the differences are statistically significant or could be explained by chance. The published reports of trials rarely contain sufficient information to perform precise statistical comparisons of Kaplan-Meier curves. Specifically, because entry into a trial is usually staggered, the number of people actually followed to the last reported year of a trial is usually much smaller than the number of people entered, typically Ͻ25% of the starting sample size. To calculate the statistical significances of the differences, we used a very conservative method that assumes that everyone entered into a trial is followed for its full duration, with the provision that if there are known to be Ͻ100 people at the last follow-up time, we would use the results from the previous observation period. This method biases against the model because it greatly underestimates the random variation that affects the results toward the end of the real trial. With that limitation, we determine for each arm of a trial whether the difference between the trial and the model are statistically significant at the P ϭ 0.05 level (corrected 2 ). If not, we say that the model's results "statistically match" the trial's results. To gain an overview of the complete body of validation exercises, we also calculated cor- 
RESULTS
Including each arm and each outcome reported in a trial as a validation exercise to date, the model has been subjected to 74 validation exercises involving the 18 trials. The use of Kaplan-Meier curves to compare the results of the model and trial are illustrated in Figs. 1 and 2 . Figure 1 shows the curves calculated by the model and reported for the trial for the fraction of people who develop fatal or nonfatal myocardial infarctions in the UKPDS (3), a trial that was used to help build the model and thus represents an internal or dependent validation. This also illustrates the relatively unstable results that can occur at the longest follow-up time due to the steady decrease in sample size over time; Ͻ100 patients were followed for the full 15 years in the UKPDS. Figure 2 shows the results for the DPP. The DPP was not used to build the model; the results of the model were calculated based on the initial descriptions of the trial and publicly presented before the actual outcomes of the trial were published.
The results for the 10 trials that explicitly included patients with diabetes are summarized in Table 1 . The results of the other trials that are pertinent to the cardiovascular complications of diabetes are summarized in Table 2 . Trials not used to build the model are marked.
Goodness of fit
Of 74 validation exercises, the results of the model statistically matched the results of the trial in all but three exercises. Each of these was from a trial that was not used to build the model. In one of them, the stroke outcome in the placebo group of the VA-HIT trial, the results just barely reached statistical significance (P ϭ 0.04), which is to be expected in 74 exercises. For this exercise, the model still estimated the effect of the treatment with good accuracy (1.7 vs. 1.4%, P Ͼ 0.05). The only exercises that showed a highly significant difference between the results of the model and the trial came from the WOSCOPS trial (19) , which is discussed further. The correlation coefficient for all 74 exercises is r ϭ 0.99 (Fig. 3) . If the outcomes in the control group and the absolute differences between the control and treated groups are compared for model and trial, the correlation coefficient is r ϭ 0.99. Focusing specifically on the absolute differences in the outcomes, which determines the number needed to treat, the correlation coefficient is r ϭ 0.97. For the 10 trials that were not used to build the model, the correlation coefficient is also r ϭ 0.99. (This includes the three discrepant results.) CONCLUSIONS -Our objective for the Archimedes diabetes model is to create a "virtual world" that represents clinical reality as realistically as is reasonably possible given today's information and modeling methods. Once created, the model can be used to address a variety of clinical problems and questions. For example, interventions, guidelines, performance measures, disease management programs, strategic goals, implementation strategies, continuous quality im- provement projects, and research projects can be "tried out" and optimized in the virtual world of the model in ways that may not be feasible in the real world. The ability to use a model for these purposes depends critically on the accuracy of its estimates. Ultimately, this requires comparisons to real experiences. A starting point is to use the model to simulate real clinical trials and compare the results. If the results match within the expected degree of sampling variation, we gain confidence that the model's representation of the pathophysiology of diabetes and its complications is reasonably realistic. This in turn builds confidence that the results of future applications will be reasonably accurate, at least for the populations, organ systems, treatments, outcomes, and care settings represented by the trials. To our knowledge, no other model in health care-for diabetes, CAD, or any other condition-has been validated against clinical trials as we describe here (23) .
The results obtained to date are encouraging. First, they do suggest that the model is reasonably realistic. But they also carry information concerning the body of knowledge about diabetes and CAD that has been built up over the years. There are many remaining uncertainties and controversies about the pathogenesis of diabetes. These validations provide some assurance that despite these gaps, the information that does exist, at least as interpreted through this model, provides a reasonably sound basis for making decisions and setting policies.
Perhaps the single most important feature that distinguishes the Archimedes model from other clinical models is that it is based on a representation of human biology. The primary motivation for taking this approach is that it is the only way to achieve the objectives we had for the model, as described elsewhere (1). This justification notwithstanding, it is still reasonable to ask whether a nonbiological model might be able to achieve the same degree of predictive accuracy. We believe that it would be extremely difficult. The immediate problem is that just performing the validations requires a high degree of biological detail. For example, the outcome of the IRMA-2 trial was "a urinary albumin excretion rate that was Ͼ200 g/ min and at least 30% higher than the baseline rate on at least two consecutive visits" (5). To simulate that trial, a model would need to estimate the effect of Irbesartan on that outcome, as determined by that protocol, in 590 patients who ranged in age from 30 to 70 years, had type 2 diabetes of various durations, had systolic blood pressures Ͼ135 mmHg and diastolic blood pressures Ͼ85 mmHg, had initial albumin excretion rates ranging from 20 to 200 g/min, had serum creatinine concentrations not exceeding 1.5 mg/dl, etc. Then, to deliver the same results as Archimedes, the model would need to simulate 17 other trials, each of which has an equally complex list of biological variables that address other populations, treatments, and outcomes. It is difficult to imagine how this would be done without a robust model of biology at the level of detail defined by these variables. Some may question the need for this level of detail in a simulation, but our operating principle is that if researchers and clinicians consider a variable or process sufficiently critical to be made part of a trial's protocol, then it should be considered critical in the simulation of that protocol. Even if testing protocols can be loosened (e.g., "the average of three readings a week apart"), certainly the inclusion criteria (e.g., "an myocardial infarction in the past 2-30 months"), and outcomes (e.g., "increase in urinary protein of 30% over baseline") are critical.
There is very little empirical evidence to bring to this question because there are extremely few validations of other models against clinical trials using any methodology. A complete analysis of this literature is beyond this article, but cautionary flags are raised by findings that the Framingham equation, which is the core of most Markov models of CAD complications in diabetes, was "disappointing" because of its inability to predict the incidence of CAD events in the Cardiff Diabetes Registry (24) , although firm conclusions cannot be drawn due to the methods used in that study. The Framingham equation also misestimated CAD events in the UK-PDS, by a factor of almost two for CAD events and a factor of five for coronary heart disease mortality (25) . A comparison of the UKPDS risk engine and the Joint British Society (JBS) method found highly significant and clinically important differences in the proportions of people classified into different risk groups by those two models (26) . Estimates by the Framingham and Prospective Cardiovascular Munster (PROCAM) models of the risk of coronary heart disease events in people with diabetes varied by a factor of more than two (27) . Also noteworthy are the findings of wide differences in cross tests of different diabetes models, even when each model is handed identical patients (28, 29) .
It is important to stress several points about the validation exercises. First, each of these exercises involves a very deep simulation. In each, the predicted results come from thousands of simulated individuals. Each of them has a simulated liver, heart, pancreas, and other organs. Each liver is producing glucose, each coronary artery can develop plaque or thrombus at any point in any artery, each kidney is clearing urine, and so forth. All told, each simulation involves scores of equations in every patient; they all have to work together correctly over long periods of simulated time in order to generate the outcomes seen in the virtual trials. In general, the results for the control groups test the realism of the model's representation of the natural history of the disease, and the effects of the risk factors, patient characteristics, previous medical histories, severity of disease, and previous and concurrent medications, as described in the designs of the trials. The results for the treated groups test the model for all these plus the effects of the treatments.
A second point is that together these validations crisscross virtually every aspect of diabetes and its complications (see Table 1 ). We believe a model should be considered "validated" only for applications that are spanned by the trials used to validate it. A measure of this is whether the populations, treatments and outcomes for a proposed application have each been included in at least one trial against which the model has been validated. Thus the multiple validations reported here are not redundant; each is probing different parts of the model. Third, whenever data from a trial were used to help build the model (i.e., the internal or dependent validations), they were used to address a very specific aspect of the underlying physiological process, usually one equation out of dozens that are needed to complete a calculation. For example, the rate of increase of FPG in the "conventional policy" group of the UKPDS was used to help build the model. But it was not used to fit an equation for FPG. It was used to help write the equation that describes the effect of insulin resistance on hepatic glucose production and the uptake of glucose by muscle (Equation 10 in the companion article). Nine other equations are also needed to simulate glucose homeostasis and calculate a person's FPG, and many more equations are needed to calculate an end point like a myocardial infarction. Thus even when a validation exercise for Archimedes involves a trial that contributed some information to the model, in order for the validation to be successful dozens of other equations that were not touched by the trial need to function correctly. The validations of the eight trials that contributed to the model can be considered not only confirmations of the particular equations that were affected by each particular trial, but also independent tests of all the other equations needed to complete the calculations. Furthermore, an equation that was touched by any particular trial was independently validated by all the other exercises that involved other trials.
The validations have several limitations. First, the fact that they demonstrate the realism of our representation of the underlying biology of the disease does not mean that our representation is the only one capable of accomplishing similarly accurate predictions. All that can be said now is that the representation we have chosen is successful in producing accurate results for a wide variety of populations, treatments, outcomes, and settings. We know of no other representations that have been tested in this way that would permit any comparisons.
Second, the validations indicate that the model simulates what happens in clinical trials. However, this does not necessarily document the model's accuracy for predicting what happens outside of trials. The issue is "efficacy" vs. "effectiveness." The fact that patient and physician behaviors may be different in research settings than nonresearch settings affects all approaches for interpreting clinical trials, including expert judgment. The barrier to conducting validations outside of research settings is the availability of the necessary data. On the positive side, Archimedes includes the features needed to perform such validations, such as patient and practitioner behaviors, failure to follow protocols or reach treatment goals, both random and systematic variations in practices, errors in conducting or interpreting tests, and so forth. As better information on these factors becomes available from computerized medical records, we will perform these types of "effectiveness" validations. In the meantime, the model can be used to explore the potential effects of these factors and to identify which aspects of care processes are most important to monitor.
A similar limitation concerns the loss of patients to follow-up in real trials. In real trials, patients who die or are lost to follow-up are censored in the calculation of Kaplan-Meier curves. In the model, censoring can occur due to deaths. However, we do not model other reasons for losing patients unless the necessary information is published. This has the implication of assuming that, in a real trial, there are no patient selection biases affecting which patients are lost to followup. If there were information on this, Archimedes could include it. Lacking that, the model can be used to explore the potential importance of such biases.
A fourth limitation is that the model does not attempt to represent the underlying biology for causes of death other than diabetes and its complications, CAD, congestive heart failure, and asthma. The validation exercises presented here only address causes of death related to diabetes and CAD.
Fifth, our validation methods ignore variables or conditions (e.g., pregnant women) that might have been in the exclusion criteria of a trial but that are not in the model. In essence, this means that the validations are testing the explanatory power of the variables and conditions that the model does currently include.
A sixth limitation of the validations is that they do not evaluate any care processes that go beyond those that are described as part of a trial's protocol. The validations also do not address the logistics, resources, or costs involved in the model. These factors can vary from setting to setting and cannot be validated in any general sense, the way a representation of human physiology or the effect of a treatment can. Our approach to this is to enable users to check the care processes and resources that are currently in the model and modify them as needed.
A seventh limitation derives from the fact that the model has been validated against the average or aggregated outcomes for populations because that is the information available from the published trials. The simulations do reproduce the complex spectrum of ages, race/ethnicities, previous medical histories, and so forth that are in each trial, but the outcomes have to be averaged before they can be compared with the averages published for the trials. Some trials, such as the CARE and HOPE trials, have published results for some subpopulations, and Archimedes matches those results very well. Furthermore, the wide mix of populations and other factors across the different trials provides a between-trial check on the model's realism for those factors-the model delivers accurate average results no matter how the populations and factors are mixed in the different trials. However, a more systematic analysis of these issues requires patient-specific information from trials.
Regarding individual patients, there are theoretical limits on the extent to which any model can ever be validated for predicting the outcomes for a particular patient. All we can say about the Archimedes model from these validations is that it has been reasonably accurate for a wide spectrum of populations with different mixtures of ages, sexes, race/ ethnicities, complications, severities of disease, prior histories, concurrent treatments, and comorbid conditions. When person-specific data from clinical information systems become available, that potential use of the model can be explored in greater depth.
When a mismatch in a validation occurs, we examine it to determine its cause and whether any revisions to the model are appropriate. In the 74 validation exercises conducted thus far, the results for only one trial were substantially different from the real results. The discrepancy occurred in the control group of the WOSCOPS trial, where the model underestimated the rate of CAD events by ϳ35%. The model still predicted the absolute effect of Pravastatin accurately. The discrepancy in the background rate of CAD events could be due to the presence of a risk factor in that population that was not measured or reported in the description of the trial and therefore could not be included in the trial. Alternatively, it could be that the model's representation of physiology is not accurate for that particular population. We have not added a "WOSCOPS factor" to the model to make it match this trial's results.
This example emphasizes the fact that failure of a validation exercise does not necessarily mean the model is flawed. In addition to discrepancies due to random variations, the results can be thrown off by any changes in the treatment protocols in the real trial that are not described, poor adherence to protocols or treatments by practitioners or patients, incomplete follow-up, and/or important facts about the population that are not completely understood or described by the investigators. But beyond these is the fact that the intervention being studied in the trial might contain some surprises. Indeed, that is the very reason most trials are done. When a new trial reveals a result that could not have been predicted, we rejoice with everyone else about learning the new information and use it to advance the model.
Conversely, successful prediction of a trial's results by the model without any use of the trial's data, as occurred here for more than half of the trials (6,7,9,14 -20), does not mean that these trials should not have been done. For example, the DPP not only confirms the interpretation of the previous research, which is very important in its own right, but also suggests that there are no surprises; our current understanding of the early natural history of the disease (at least as described by this model) appears to be correct. Furthermore, the DPP collected patient-specific data, which if analyzed with methods we describe elsewhere (30) , could greatly increase our understanding of the pathophysiology of the disease.
In summary, we have tried to build a model that operates at the level of detail that clinicians and administrators consider important for their decisions. To strengthen the credibility and usefulness of the model we have tested it against a wide range of clinical trials. It appears to be a good representation of the anatomy, pathophysiology, tests, treatments, and outcomes of diabetes and its complications for applications that involve the range of populations, organ systems, treatments, outcomes, and care processes spanned by these trials. As additional information becomes available the model will be expanded and revalidated as needed.
